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ABSTRACT

Tracking speakers in multipart y conversations constitutes a
fundamental task for automatic meeting analysis. In this pa-
per, we presert a probabilistic approach to jointly track the
location and speaking activit y of multiple speakersin a mul-
tisensor meeting room, equipped with a small microphone
array and multiple uncalibrated cameras. Our framework is
basedon a mixed-state dynamic graphical model de ned on
a multip erson state-space,which includes the explicit de ni-

tion of a proximit y-based interaction model. The model in-
tegrates audio-visual (AV) data through a novel obsenation
model. Audio obsenations are derived from a source local-
ization algorithm. Visual obsenations are based on models
of the shape and spatial structure of human heads. Approx-
imate inferencein our model, neededgiven its complexity, is
performed with a Markov Chain Monte Carlo particle lter

(MCMC-PF), which results in high sampling e ciency . We
presert results -basedon an objectiv e evaluation procedure-
that show that our framework (1) is capable of locating
and tracking the position and speaking activity of multi-

ple meeting participan ts engagedin real conversations with
good accuracy; (2) can deal with casesof visual clutter and
partial occlusion; and (3) signi cantly outperforms a tradi-
tional sampling-based approach.

Categoriesand Subject Descriptors
1.4.8 [Scene Analysis ]: Tracking, SensorFusion.

General Terms
Algorithms.

Keywords
Audio-Visual Speaker Tracking, Particle Filters, MCMC.

1. INTRODUCTION

The automatic analysis of meetings recorded in multi-
sensorrooms is an emerging researd eld [4]. In this do-
main, localizing and tracking people and their speaking ac-
tivit y play fundamental roles in two areas. The rst oneis
media processing: speaker location is useful to selector steer
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a camera as part of a visualization or production model, to
enhancethe audio stream via microphone-array beamform-
ing for speed recognition, to provide accumulated infor-
mation for personidenti cation, and to recognize location-
basedevents. The secondoneis human interaction analysis:
sacial psychology has highlighted the role of non-verbal be-
havior (e.g. gazeand facial expressions)in interactions, and
the correlation betweenspeaker turn patterns and aspects of
the behavior of agroup [12]. Extracting cuesto identify such
multimo dal behaviors requires reliable speaker tracking.

Although the tracking task in meetings is facilitated by
the constraints of the physical spaceand the expected type
of human activities, the multimo dal multisp eaker tracking
problem posesvarious challenges. These include algorithms
for AV data fusion, that make use of the modalities' comple-
mentarit y, and for tractable joint multip ersonmodels (which
represert ead individual state, while accourting for the con-
straints introduced by their interaction). In meetings, in-
teraction in its simplest form relates to proximity in the vi-
sual modality (occlusion being the fundamental case),and to
overlapping speed in the audio modality (commonly found
in spontaneous conversations). Approachesaddressingsome
of these issueshave begun to appear [2, 3].

In this paper, we addressthe problem as one of approx-
imate inference in a dynamical graphical model, using PF
techniques [7, 11], building on recert advancesin the eld
[9]. For a state-spacemodel, a PF recursively approximates
the ltering distribution of states given obsenations, using a
dynamical model, an obsenation model, and sampling tech-
niques, by predicting candidate con gurations and measur-
ing their likelihood. Our model usesa mixed-state, multi-
object state-space, which in addition to being mathemati-
cally rigorous, allows for the integration of a pairwise person
occlusion model, through a Markov Random Field (MRF)
prior in the multi-ob ject dynamic model. To address the
problems of traditional PFs in handling high-dimensional
spaces(de ned by the joint multi-ob ject con gurations), we
combine MCMC techniques with the PF framework, allow-
ing for e cien t sampling [11, 9]. Our work integrates data
captured by a small microphone array and multiple cameras
with mostly non-overlapping elds of view by a novel obser-
vation model of AV features. Based on an objectiv e evalua-
tion of the quality of estimated head location and speaking
activit y, and using small-group discussion data, we show
that our framework is capable of jointly tracking the loca-
tion and speaking activit y of multiple meeting participants
with good accuracy, dealing with realistic conditions, and
outperforming a traditional PF model.



The paper is organized as follows. Section 2 discussespre-
vious work. Section 3 summarizes our framework. Section
4 describes the multi-p erson dynamical model. Section 5
preserts the AV obsenation model. Section 6 describesthe
sampling technique. Section 7 discussesthe case of vary-
ing numbers of people. Section 8 describes experiments and
results. Section 9 provides some concluding remarks.

2. RELATED WORK

Localizing and tracking speakers in enclosed spacesus-
ing AV information has increasingly attracted attention in
signal processingand computer vision [13, 15, 1, 6, 3, 2].
Broadly speaking, the di erences among existing works arise
from the overall goal (tracking single vs. multiple speak-
ers), the speci ¢ detection/trac king framework, and the AV
sensor con guration. Much work has concertrated on the
single-speaker case,assumingeither single-personsceneq13]
or multip erson sceneswhere only the location of the cur-
rent speaker needsto be tracked [15, 1, 6]. Many of these
works used simple sensor con gurations (one camera and
a microphone pair) [13, 15, 1]. Among the existing tech-
nigues, probabilistic generative models based on exact [13]
or approximate inference methods (both variational [1] and
sampling-based[15]) appear to be the most promising, given
their principled formulation and demonstrated performance.

Although multiob ject visual tracking is a classic eld in
computer vision [8, 14, 9], the AV multisp eaker tracking
problem has been studied relatively recertly, making use
of more complex sensor con gurations to cover an ertire
workspace (table, whiteboards, etc.) [4, 3, 2]. The work in
[4] described a system based on a device that integrates a
small circular microphone array and seeral calibrated cam-
eras. The system, in which ead person is tracked inde-
pendently, consistsof three modules: AV auto-initialization,
HMM-based visual tracking, and tracking veri cation. The
closest works to ours are [2, 3], both based on PF tech-
niques. The work in [2] used two calibrated cameras and
four linear sub-microphone arrays on a wall, and was based
on the model by [8], de ning a multi-p erson state-spacein
which the number of peoplecan vary over time. An obsena-
tion model was de ned by two terms: one for video, derived
from background substraction, and one for audio, derived
from short-time Fourier transforms computed on ead mi-
crophone's signal. The PF relied on importance sampling
(IS), and is thus likely to becomerapidly ine cien t as the
number of objects increases. The work in [3] used the same
setup as[4], and tracked multiple speakerswith a setof inde-
pendent PFs, one for ead person. Each PF usesa mixture
proposal distribution, in which the mixture componerts are
derived from the output of single-cuetrackers (based on au-
dio, color, or shape information). This proposal increases
robustnessin caseof tracking failure in single modalities.

Our work substartially diers from previous work in AV
multisp eaker tracking with respect to multi-ob ject dynamic
and AV obsenation modeling, and to the sampling mech-
anism. Building on the model in [9], our model has two
advantages over [2, 3]. First, unlike [2, 3], we use a multi-
person dynamical model that explicitly incorporates a pair-
wise personinteraction prior term. This model is especially
useful to handle personocclusion. Second,unlik e [2], we use
MCMC sampling, that allows to track seweral objects in a
tractable manner (e ectiv ely close to the case of indepen-
dent PFs), while preserving the rigorous joint state-space

formulation. Finally, we objectively evaluate our algorithm
in more detail than [2, 3].

3. MODEL SPECIFICATION

We usea generative approach to model the tracking prob-
lem [7, 11]. Given a Markov state-spacemodel, with hidden
states X representing the joint multi-ob ject con guration
(e.g. position, scale, etc.), and AV obsenations Y, the I-
tering distribution p(X+jY 1.¢) of X given the obsenations

up to time-step t, Y1« = (Y 1;::;Y 1), can be recursively
computed using Bayes' rule by
P(XeJY2e) [ B(Y1Xe) 1)
p(XtjXt 1)p(Xt 1jY 1t 1)dX¢ 1;
Xt o1

where p(XjX+ 1) is the dynamical model of the tempo-
ral evolution of the multi-ob ject state-space,and p(Y jX+)
denotesthe obsenation lik elihood, which measureshow well
the obsenations t the multi-ob ject predictions.

PFs approximate Eg. 1for non-linear, non-Gaussianprob-
lems[11]. Following [7], the basic PF represerts the ltering
distribution using a weighted set of samplesf (X S”);Wt(“)); n=
1;:::; N g, where Xf") and Wf") denote the n-th sample and
its assaiated weight at each time-step, and updates this
represertation asnew data arrive. With this represertation,
Eqg. 1 can be approximated by a mixture model,

X
POXejY 1) Z 'p(Y X)) wiMip(X X (M) (@)

using IS (Z is a normalization constant). Given the particle
set at the previous time-step, f(XE”)l;Wt(”)l)g, a set of new
con gurations at the current tirBe-step are drawn from a
proposal distribution g(X:) =, w{”,p(XjX{"}). The
weights are then computed asw(™ / p(Y (jx (™).

A state at time-step t is dened by X = (Xt );i 2 Iy,
where | ; is the set of object identi ers in the con guration,
m: = jl {j denotesthe number of objects, and j j indicates set
cardinality. Each object hasa unique identi er, given by the
position occupied by their con guration in the state vector.
In what follows, we assumel ; to be xed (the casewhen |
varies over time is discussedin Section 7). A mixed state-
spaceis de ned for single-object con gurations X , where
both the geometric transformations of a person's model in
the image plane and the speaking activit y are tracked. In
this work, asingle-object state X iy = (Xi: ;kix ) is composed
of a 3-D continuous vector xit = (Uit ; Vit ;Sit ), de ned
over a subspaceof ane transformations comprising 2-D
translation and scaling, and a discrete binary variable ki ,
which models eadch participant's speaking status (0: silent,
1: speaking).

The generative model in Eq. 1 and its approximation in
Eq. 2 require the specication of the dynamical and ob-
senation models. Additionally , the dimension of the multi-
object state-spacegrows linearly with the number of objects,
sothat even for a small-group discussion (4-5 participan ts)
and the compact single-object state-space described above,
the dimension of the joint state-spaceis prohibitiv ely high
for IS, which calls for amore e cien t sampling scheme. Each
of these issuesis discussedin the following sections.

4. MULTI-OBJECT DYNAMICAL MODEL

The dynamical model includes two factors: one that de-
scribesinteraction-free, single-object dynamics, and another



onethat explicity modelsinteractions (e.g. occlusion), con-
straining the dynamics of each object basedon the state of
the others, via a pairwise MRF prior [10, 9]. The eld is de-
ned on an undirected graph, where the graph vertices are
the objects, and the links are de ned between object pairs
at ead time-step. The dynamical model is expressedas

|

’ Y
p(Xit jXix 1) @

i2l (ij )2C

pP(XtjXt 1)/ (Xig s X )A

where p(Xit jX it 1) denotesthe dynamics of the i-th (()31;)
ject, and the prior is a product of pairwise potentials, de-
noted by (Xit ; Xjt ) over the setof cliqgues C (i.e., pairs of
connected nodes) in the graph. The approximation in Eg.
2 is now given by

P(X (jY 1:t) Z 'p(Y ijXy) (Xit s Xt )
(i;j )2¢C
X (n) iy ()
Wy P(X it [ X4 1); 4)
n i2l ¢

where the interaction term can be moved out of the sum
over all particles, asit doesnot depend on past information
[9]. Furthermore, assumingthat the motion and the speak-
ing activity are independent, each single-object dynamical
model is factorized as

P(Xi jXix 1) = p(Xit jXix  1)p(Kit jKix 1),
where the contin uous distribution p(Xi: jXix 1) is classically
modeled as a second-order auto-regressive model [7], and
p(kit jkix 1) isa2 2transition probabilit y matrix (TPM).

The interaction model we adopt takesinto accourt visual
information, and penalizeslarge visual overlaps betweenob-
jects, which reducesthe possibility of assaiating two con-
gurations to one single object when people occlude each
other momentarily . Let the spatial supports of xix and Xj ,
that is, the application of the contin uous transformation to
the object template in the image plane, be denoted by Si:
and Sj; , respectively. The overlap measuresare the well-
known precision and recall from information retrieval.
Assuming that S;; is the reference,the two above measures
are respectively de ned by
jSi;t \ Sj;tj. .o —

B S =T

Note that, as (Sit;Sjt) = (Sjt;Sit ), the (Symmetric)
pairwise potentials in the MRF can be de ned as
Xie ;X ) Loexp(C ( (SieiSpe )+ (SieiSie)) s (6)

where is a model parameter. Precision and recall take
their maximum value (unity) when the spatial support of
two objects perfectly match, and their minimum (zero) if
the objects have no overlap.

iSit \ St ]
(Sit;Sit) = 1Sit \ Sjt ], 5)

5. AUDIO-VISUAL OBSERVATION MODEL

A personis represerted by the elliptical silhouette of the
head in the image plane. Observation models are derived
from audio and video. Both shape and spatial structure of
human heads are used as visual cues, so the three types of
obsenations are dened asY = (Y& Y";Y ), where the
superindices stand for audio, shape, and spatial structure,
respectively. We further assumethat obsenations are ex-
tracted for eadh object, and that the dierent obsenations

are conditionally independert given the single-object states,
producing the following factorized represenation,

POY Xe) = pOY & iXa )pCY 3 iX i )p(Y St iXin ) (7)
i2l ¢

All terms in Eq. 7 are de ned in the following subsections.

5.1 Audio obsewations

Audio obsenations are derived from the microphone array
signalsto produce 2-D location estimatesin the image plane.
We rst usean audio speaker localization approach consist-
ing of two steps: nding candidate source locations, and
classifying them asspeed or non-speed [6]. In the rst step,
a single-sourcelocalization algorithm based on the Steered
Response Power - Phase Transform (SRP-PHAT) measure
[5] is used to generate candidate 3-D speaker locations. In
practice, the estimated range is imprecise, and only azimuth
and elevation are signicant. The algorithm exhaustively
seardies for the location with maximum SRP-PHAT on a
xed concertric grid of points. SRP-PHAT is known to be
suitable for reverberant environments. In the secondstep, a
speed/non-sp eeth classi cation algorithm based on short-
term clustering of the localization results is used to Iter
out noisy estimates. This technique is e ectiv e, unlik e most
energy-thresholding algorithms, at detecting the low-energy
beginning of utterances, and short speaker turns [6]. Us-
ing these ltered 3-D location estimates, the frame rates of
audio and video are matched, generating between zero and
three audio location estimates per video frame. Finally, we
use a nearest-neighbor approach to project 3-D audio esti-
mates on the 2-D image plane [6]. This requires an o -line
calibration procedure betweenthe AV sensors. The proce-
dure usestraining data collected by having a persontalking
while moving in typical areasof the meeting room. The cor-
respondencesbetween3-D and 2-D points are obtained from
the audio estimates and the output of a single-person visual
tracker, respectively. A precise sensorcalibration procedure
is not required in our case[6].

The audio obsenation likelihood is de ned on the im-
age plane, relating the Euclidean distance betweenthe 2-D
audio location estimates and the candidate particles. Let
xft = (uf; ;v ) denote the audio estimate closestto the
translation components of a con guration Xi: = (Ui ; Vit )
(i.e., the ellipse certer). We de ne a distribution for eadc
value the speaking status variable can take,

K§ dixie  x&ji R%

2 ixie ke =

PCY i ixi ki = 1)/ K3: otherwise; C)
a:, . - KE dixit Xia;lt i R%

PCY i JXix ki = 0)/ K2: otherwise; ©)

where jj jj denotes the Euclidean distance, R? de nes
a radius around the translation components of Xi;, and
K2 > K3 areconstant terms intro ducedto refect the desired
situation: the likelihood of a person actively speaking must
be large when there exists a nearby audio estimate, and
small if such condition does not hold. In case no audio
location estimates exist, uf; and v{; are setto an arbitrarily
large number.

5.2 Spatial structur e obsewations

We propose an obsenation model of spatial structure of
human heads, based on a parametric represertation of the



overlap between skin-color blobs and head con gurations.
The model is basedon the fact that the presenceof skin pix-
elsin atypical headblob (e.g. face and ned) is usually con-
ned to specic regionsinside and outside a proposedhead
con guration.  Skin-color blobs are rst extracted at eadch
frame asdescribed in [6]. Given a set of skin-color blobs and
a single-object con guration X, and assuming that the
candidate con guration is the reference,the recall between
the spatial support Six and ead blob is computed. Let Sﬁ
denote the spatial support of the blob with the largest recall.
A headis further represerted by three non-overlapping parts
with spatial support S}; , 12 f1;2;3g, Six = [ 1S} (Fig. 1).
With this represertation, precision and recall are computed
for each of the head parts ( (S} ;S%) and (S} ;S%)), and
for the whole head, ( (Sit ;S5 ) and (Sit ; St )). Although
the proposed features are obviously not as discriminant as
the onesused in dedicated face processingalgorithms [16],
they are reasonablein realistic conditions, including out of
plane rotation, and partial occlusion. The features de ne
an eight-component obsenation spaceY  , that is modeled
by a mixture model composedof a Gaussian Mixture Model
(GMM) with diagonal covariance matrices, and a uniform
distribution U( ) usedto limit the e ect of very low likeli-
hood values, Nt

POYEIXa) 1 toU(YR)+  LIN(Y&E: 5 1) (10)

I=1

where flo;!y; |; 1g are model parameters. When no
blobs are detected, the likelihood is set to a constant value.

Figure 1: Spatial structure observ ations. Giv en a con-
guration (in yellow), and a skin blob (in gray), part-
based precision/recall features are computed using the
spatial supp ort of the con guration parts and the blob.

5.3 Shapeobsewations

Edge-basedobsenations are computed, basedon a classic
model, along L lines normal to a hypothesized contour [7].
This results in a vector of candidate positions for ead line I,
fzl.;12 f1;:5Lg,c2 f1;::; Cigg, relative to z. o, the point
lying on the contour. With some typical assumptions, the

shape-basedlik elihood for each object is given by
|

) 5 (A1)

< kzl, 2zl ok?
max K ":exp( 7"20( sh;zo

=1

p(Y X ) /

where zi';c is the nearest edge detected on line I, " is a

standard deviation parameter, and K s" is a constant that
limits the in uence of caseswhen no edgesare detected.

6. MCMC SAMPLING

Inference with atraditional particle lter (basedonIS) on
the high-dimensional spacede ned by seweral objects being
tracked is computationally infeasible [11]. In order to e -
ciently place samplesas close as possible to regions of high
likelihood, we build on recert work and proposeto sample
from Eqg. 4 with MCMC techniques [11], using a Metrop olis-
Hastings (MH) sampler at eac time-step [9]. MCMC meth-
ods produce a sequenceof samples from a Markov chain

whose stationary distribution corresponds to the target dis-
tribution (the Itering distribution in the tracking case),af-
ter running the sampler long enough, and discarding the
initial part of the run, called burn-in period [11]. The MH
algorithm consists of two iterativ e steps. First, given a cur-
rent conguration X, a new sample X is drawn from a
proposal distribution g(X jX). Then, the proposedsample
is accepted as the new con guration in the Markov chain
with probabilit y (also called acceptanceratio)

e O)gXiX )
= min Lo kax x) (12)

where p(X) denotes the target distribution (in our case
p(X) = p(XjY 1.t)). If the move is not accepted, the chain
remains in the samecon guration. The sample set obtained
by the MH sampler is a fair sample from the true Itering
distribution, and so all particle weights are equal to Nl [11].

In the tracking case,we run a MH sampler at each time-
step. However, for computational tractabilit y, a proposal
distribution that simpli es the evaluation of the acceptance
ratio is needed, as Eq. 12 involves the evaluation of Eg.
4, i.e., a sum over all particles. We use a mixture model
formulation over all objects, where one object is chosen at
ead step in the chain to attempt a move,

X
X ¢jX) = al)aX(jXi); (13)

where q(i) is the prior over object indices, and q(X {jX ;i)
are the mixture components. To construct a candidate con-
guration X, from the current con guration X, an object
index i is rst chosenwith probability q(i = i ). A move
will be attempted on i , while the rest of the multi-ob ject
con guration is left unchanged. The mixture componerts
are de ned sothat

P .
b o POXX(")
n p(thXf")l

< ) i
(X jXt;i) = | ) i3 Xy
’ | Xt

@ o™ |l

OZ|»—'Z|H

(14)

which implies that giveni , the new con guration for ob-

ject i is sampled from p(X; ;thi(";t) 1), using a randomly

chosenparticle n from the previous time, while keeping all

the other object con gurations xed. Using the Dirac delta
function, the speci c expressionful lling Eq. 14is

YL P .
(X (jX151) o 2 p(X X))
2t g POXit jxl(;:]) 1) (X
This proposaldistribution satis es the desired property of
cancelling all the factors that involve summations over the

particles in the acceptanceratio. It is not dicult to show
that the acceptanceprobabilit y is simplied to

1 Q , !
_p(Yt]-xt)Q(i §)2c; (X ;t-xj;t) .
p(Yl]Xt) (i j)2c; (Xi :I;Xj;l)
where G denotesthe set of pairwise cliques that involve

object i . For the factorized form for the multi-ob ject like-
lihood (Eg. 7), the expressioncan be further simplied to

. Q !
_p(YIJ.Xi ;t)Q(i iee; (X X))
TPOY X 1) T ghae,  Ki X))

Xt ): (15)

(16)

= min

; (A7)



which only involvesthe evaluation of single-object AV like-
lihood terms. MH improvesthe predictions of multi-ob ject
con gurations by accepting, at ead step, single-object can-
didates closerto a region of high lik elihood, without discard-
ing good candidates already accepted for other objects.

Finally , the meanestimate is approximated by the marginal
mean estimates for eat object, X1 = (Xt );i 2 I¢. Each
Xt is computed as usual in mixed-state models, rst com-
puting the maximum a posteriori (MAP) estimate for the
discrete variable ki; , and then the weighted mean of the
contin uous componernt xi: giventhe MAP discrete estimate
[7]. The full algorithm is summarized in Fig. 2.

(n) .\ (M)

M wMgfrom £x M ;wM g,

Generate N samples f X

Initialize the MH sampler, by_ sampling X from
the purely predictiv e distribution nwt(")lp(xtjxt(”)l).
This implies randomly choosing a particle n from
X ™M ;w{™, g, and then sampling from p(XjX {" ).

MHsampling. Draw B + N samples, where B and N denote
the number of particles in the burn-in and fair sample sets,
respectively. For each sample,

{ SampleX from q(X jX) (Eq. 13).

{ Compute acceptance ratio (Eq. 17).

{ Accept X (X X ) with probabilit y

{ AddX to the set fX (" :w(Mg, with w™ = 1=N.

Compute mean estimate Xt.

Figure 2: MCMC-PF  algorithm.

7. VARYING NUMBER OF PEOPLE

Although the MCMC-PF could formally integrate birth-
death processesas part of the ltering recursion, this would
require a multi-p erson obsenation model that allowed for
the comparison between con gurations containing varying
number of people [8, 2]. The factorized obsenation model
in Eq. 7 is not suitable for such a case. For this reason, we
opted for a simple processin which, at eac time frame, the
set of peopleof the scenel  is rst established, and then the
MCMC-PF is applied on the detected I ;.

New objects are handled as follows. All skin-color blobs
inside a set of birth-lik ely sceneregions, and not overlap-
ping with existing objects, are probed as candidates. Given
a standard ellipse template, and a new object ID i (chosen

asthe next available object ID in alist), a number of single-

object samplesfxi“);lg is constructed by drawing samples

fxi('?tgfrom a Gaussiandistribution (with mean translation

equél to the blob certroid, mean scaling set to unity, and
diagonal covariance matrix setto explore a relativ ely small
spacearound the mean), while setting fki('?tg to zero. The
set of samplesis ranked based on their visual likelihood,
p(Y S i Xi )p(Y & jXi «), and the presenceof a new ob-
ject is decided by thresholding the likelihood of the best
con guration. Needlessto say, more robust people detectors
could be integrated in our approach [16]. Object disappear-
ance is declared whenewer a con guration leavesthe image
limits, or when a con guration hastoo low visual lik elihood.
Finally , contin uing peopleare handled asin the caseof xed
number of objects.

8. EXPERIMENTS AND RESULTS

8.1 Data collection

Data are recorded in a 8.2m 3.6m 2.4m room contain-
ing a 4.8m 1.2m rectangular meeting table, and equipped
with fully synchronized video and audio capture devices.
The video equipment includes three identical uncalibrated
CCTV cameras. Two cameras on opposite walls record
frontal views of the participants, including the table and
workspace area, and have non-overlapping elds of view
(FOVs). A third wide-view cameralooks over the top of the
participan ts towards the white-b oard and projector screen.
The audio equipment consists of an eight-element circular
equi-spacedmicrophone array certered on the table, with di-
ameter 20cm, and composed of high quality miniature elec-
tret microphones. Video was captured at 25 fps (288 360
pixels), while audio was recorded at 16kHz, with features
estimated at 62.5 fps. Training data to estimate the GMM
parameters for the skin-color and spatial structure mod-
els, and for the AV calibration procedure were additionally
recorded in the meeting room. In Section 8.4, we presert
results on two two-camera sequences,(meetingl and meet-
ing2, 1715 and 1200 frames, respectively), and one three-
camera sequence(meeting3, 1200 frames). The sequences
are composed by merging the di erent views. The rst two
sequenceshave non-overlapping FOVs, while in the third
one there is someoverlap.

8.2 Parameter setting

The GMM parameters for skin-color pixels and spatial
structure features were estimated by standard Exp ectation
Maximization (EM). Model selectionwasautomatically done
using the minimum description length principle. All other
parameters were set by hand to sensible values, and kept
xed for all experiments. Regarding the dynamical model
for the single-object contin uous dynamics p(Xit jXix 1), we
usean augmerted contin uous state, xix = (Xit ;Xit 1), and
expressthe dynamics as iy = Axix 1+ B(1;0)7, with
A= 2 2 ,B= [2, and! is awhite noise processwith
standard deviations for translation and scaling equal to 4
and 10 *, respectively. The TPM for speaking activit y was
setto p(kitjkit 1) = o502 . For the interaction model,

= 3. In the audio obsenation model, R?® = 50 pixels,
and K§ = 1 = 10K3. For the shape-based obsenations,
the number of measuremen lines L = 16, each with length
a = 20 pixels, " = 5, and K" = exp( %) =e 2
A scaling procedure was applied as the various lik elihood
terms have a di eren t dynamic range. Finally, we assumea
uniform prior for the proposal (i) in the MH sampler.

8.3 Performanceevaluation measuies

We evaluate both the tracking quality and the ability to
infer speaking status. For the rst criterion, a semiauto-
matic head bounding-box ground truth (GT) is generated
using a color-basedsingle-persontracker [14]. We then com-
pute precision and recall betweenthe GT and our tracker
estimates (represerted by bounding boxes) for each person
at each frame, and de ne four person-basedmeasures:

1. Track state (TS). A frame-level binary variable, which
is unity if precision and recall are greater than zero, and
zero otherwise.

2. Track F-measure (Ft). The precision/recall combina-
tion (Fr = 2—) is computed for those frameswith TS = 1.
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3. Successrate (SR). A sequence-leel variable, de ned as
unity if TS = 1 for the entire sequence,and zero otherwise.

4. Tracking rate (TR). A sequence-leel variable, de ned
as the ratio between the number of frames where TS = 1
and the number of frames in the sequence.

Jointly, Fr, SR, and TR provide an indication of the qual-
ity and stability of the tracker, including eventual recovery
from failures. All results are computed over multiple runs of
the particle Iter, to accourt for its stochastic nature. SR
and TR are then reported as averages. Finally, an overall
average over the number of peopleis also reported.

Regarding speaking activit y, a binary GT of speaker turns
was manually generated for each person. Precision and re-
call are then computed between the GT and the tracker
estimate for eadh person at eac frame, de ning:

5. Speak F-measure (Fs). A measurecomputed asin Fr.

Fs is also reported as averagesover multiple runs and
people, as with the other measures.

8.4 Resultsand discussion

We rst evaluated the specic abilities of our framework
to estimate location and speaking activit y, conducting ex-
periments under two controlled conditions: (1) the number
of tracked peoplewas known and kept xed for the duration
of the sequence,and (2) the tracker was hand-initialized in
the rst frame. Results of the algorithm handling varying
numbers of objects are discussedat the end of this section.
The mean con guration is displayed, at eac time-step for
ead person,asan ellipse of distinct color. Inferred speaking
activit y is shovn as a double ellipse with contrasting tones.
The number of particles in all caseswasB + N = 500, with
30% of the particles being discarded in the burn-in period
of the MH sampler. All the results were obtained using 20
runs of the MCMC-PF. Peopleare given an object identi er
(01,02,...) with respect to the position they rst occupy in
the video, from left to right. The results are best appreci-
ated by watching the videos in the companion website?.

Meetingl . The results on the meetingl sequenceare
shown in Fig. 3 and Table 1. In this sequence,recorded
with no visual background clutter, four seated speakers are
engagedin a conversation and talk at a relaxed pace, tak-
ing turns with little overlap, which occurs for instance when
people laugh. The last row in Table 1 (Ser ) indicates the
proportion of time during which each person spoke in the
sequence,as labeled in the speaking activity GT.

Regarding visual tracking, the four objects were tracked
with good quality and stably throughout the sequencefor
all runs (see SR, TR, and Fy rows in Table 1, and video
meetingl_mcmd00:avi ). The algorithm can handle partial
visual self-occlusion (e.g. person O3 touches his chin and
rests his head on his right hand in Fig. 3(a),(c)), and vari-
ations of head pose(from frontal to side views), which con-
rms the advantages of combining visual cues.

With respect to speaking activit y, our source localization
method, combined with the AV calibration procedure, has
shown to be able to estimate location reasonably well, and
detect speaker turns with good accuracy and low latency,
when people talk at the meeting table [6]. The audio ac-
tivit y inferred by the MCMC-PF presenesthese properties
for those segmerts where only one speaker takes the turn,
while smoothing out very short speaker turns with the dy-
namical model (seeFs row in Table 1). Although we usea

Lwwwidiap :ch=

gatica =av-tracking -multiperson :html:
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Figure 3: Multisp eaker trac king results, meetingl. Lo-
cation and speaking status (double ellipse if a person
speaks) are inferred for each person. Figures (a-c) cor-
respond to frames 10, 526, and 1420, resp ectiv ely.

single-sourcelocalization algorithm, the MCMC-PF can in-
fer simultaneous speaking activit y for multiple participan ts
(seeFig. 3(b)). In general, however, a \dominant speaker"
e ect is obsened in overlapping speeh segmerts.

To study the e ciency of the MCMC-PF, we compare it
with a traditional joint multi-ob ject PF, which useslIS in-
stead of MCMC, while all other aspects and parameters of
the Iter remain xed. Results are computed using 20 runs,
and are shown in Table 1 and video meetingl_pf _500:avi .
Clearly, our approach outperforms the traditional PF in
both ability to track and estimation of the speaking sta-
tus. With the classic PF, a loss of track occurred for all of
the objects (see SR) at some point in the sequence(espe-
cially poor for 02, who was tracked successfullyonly in 60%
of the runs). The tracker also has high visual jitter. Finally,
the inference of speaking activit y is degraded considerably.
The number of particles that is required with the basic PF
to perform as well asthe MCMC-PF is prohibitiv ely high.

measure O1 02 03 04 Oavg |
SR 1.00 1.00 1.00 1I.00 1.00
MCMC-PF TR 1.00 1.00 1.00 1.00 1.00
Fr 0.89 0.87 0.85 0.92 0.88

Fs 0.71 0.75 0.77 0.75 0.75

SR 0.80 0.60 0.85 0.90 0.79

PF TR 0.95 0.79 0.94 0.98 0.92
Fr 0.87 0.86 0.83 0.87 0.86
Fs 0.60 0.62 0.55 0.61 0.59
Set 0.19 0.19 0.10 0.16 0.16

Table 1. Tracking results for meetingl, for our approac h
and a traditional multi-ob ject PF. Results are shown for
individual people, and averaged over all people.

[ method

Meeting2 . The results are shown in Fig. 4, Table 2, and
video meeting2_mcmc00:avi. This sequencedepicts four
seated speakers in a more animated conversation (see Sgr
row in Table 2), with many turns and casesof overlapped
speed. There are also two sourcesof visual clutter: the tex-
tured background, and a fth walking person (not tracked)
who enters and leaves the scenecreating visual distraction
by approaching the speakers. Our algorithm performs quite
satisfactorily with respect to quality of tracking and speaker
activit y detection. Although the tracker gets momentarily
distracted by the walking person or the background, it re-



Figure 4: Results, meeting2. Figures (a-c) corresp ond to
frames 575, 860, and 909, resp ectiv ely.

covers in almost all cases,as shown by the SR, TR, and
Fr rows in Table 2. The combination of visual cuesrenders
the tracker more robust: while the spatial structure obser-
vations help in casesof uncertainty with respect to edge
information (e.g. textured background), the shape obsena-
tions re ne the spatial structure model, which consistertly
drives the tracker to skin-blob areas, but sometimes with-
out much accuracy. A limitation of the likelihood model can
be seenfor O3, for whom we can obserwe a combined e ect
of edge-related clutter, and head spatial structure (i.e., less
hair) that might not have beenrepresened accurately in the
training data (Fig. 4(a),(c)). Regarding speaking activit y,
our approach can correctly infer somecasesof simultaneous
speed (Fig. 4(b)). Finally, our approach is signicantly
more e ectiv e than a traditional joint PF, which shows an
even more sewere performance degradation: SR can be as
low as 35-40%and, with the exception of Fr, all other gures
are considerably lower than the onesobtained for meetingl.
This result suggeststhat the MCMC-PF is more robust to
realistic conditions than traditional approaches.

measure O1 02 03 04 Oavyg

SR 095 095 1.00 I1I.00 0.98
MCMC-PF TR 0.99 097 1.00 1.00 0.99
Fr 0.88 0.88 0.87 0.86 0.87
Fs 0.72 0.72 0.71 0.79 0.74
SR 060 040 035 0.75 0.52
PF TR 0.68 0.45 050 0.79 0.61
Fr 0.86 0.85 081 0.85 0.84
Fs 0.55 0.38 0.42 0.65 0.50
ScT 0.26 024 019 035 0.26

Table 2: Tracking results for meeting2, for our approac h
and a traditional  join t multi-ob ject PF.

[ method

Testing the interaction prior . We conducted experi-
ments with a v e-persontracker on an excerpt of the meet-
ing2 sequence(frames 550-690), where the walking person
(O5) is partially occluded by two seated participants. Per-
formance is computed over 20 runs of the MCMC-PF, with-
out and with the MRF prior. Results are showvn in Table 3,
Fig. 5, meeting2_ol-mcmd00_no.int :avi (without MRF)
and meeting2_ol_mcmcé00.int :avi (with MRF). Without
the MRF prior, tracking is of high quality for objects O2-
04 (SR =1, TR = 1, and Fr 0:87). The results for
01 and O5 are shown in Table 3. For O1, tracking was
lost once in 20 runs, locking onto O5. More importantly,
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Figure 5: Fiv e-person trac ker, eects of the interaction
mo del. (a-b): frames 585 and 594, without MRF prior.
(c-d): same frames, with MRF prior.

for O5, tracking was lost in 25% of the cases,locking some-
times onto O1, or drifting away. In contrast, the use of the
MRF prior produced high quality tracking for the v e ob-
jects (SR= 1, TR=1, Fy 0:87 for 0O2-04, seeTable 3
for O1 and O5). The performance with the MRF prior on
a secondexcerpt of meeting2 (frames 830-1000)is shown in
meeting2_02_mcmd00.int :avi .

[Mmeasure OIw _O5w _OIp O5p |
SR 095 0.75 1.00 1.00
TR 096 0.89 1.00 1.00
Fr 0.87 0.74 0.88 0.74

Table 3: Results for an excerpt of meeting2 with partial
occlusion. Performance was aected for Ol and O5; w
(resp. p) indicates without (resp. with) MRF prior.

Meeting3 . Results for this sequenceare shown in Table
4, Fig. 6, and video meeting3_mcmd00:avi . In this case,a
person (O3) makesa presertation and usesthe whiteb oard,
while the others remain seated and mostly silent (see Sgr
row in Table 4). Due to the FOV overlap, one person (O2)
appears in two views. We only track this person in the
frontal view. Our algorithm correctly tracks the location
of the four people acrossthe sequence,although tracking is
more challenging for O3 due to his size and distance from
the array. As one would expect, the single-sourceaudio lo-
calization algorithm detects a speaker at the table better
than at a whiteb oard/presentation, given their shorter dis-
tance to the microphone array. Due to this fact, when O2
makesnoise (in frames 200-225)or when the preserter and a
seated person speak simultaneously (e.g., O1 in frames 660-
700, Fig. 6(b)), the tracker infers speaking activit y only for
the personat the table. Overall, the speaking activit y of the
preserter is inferred with reasonablequality, although some
of his turns are missed. The activity of Ol and O4 is esti-
mated with good quality, comparable to the obtained with
previous sequences.The comparatively low Fs-value for O2
is explained by the fact that he spoke briey only once, and
made noise that was identi ed as speaking activit y.



[ method measure O1 02 03 04 Oavyg

SR 1.00 1.00 1.00 1.00 1I.00
MCMC-PF TR 1.00 1.00 1.00 1.00 1.00
Fr 0.88 0.88 0.87 0.90 0.88
Fs 0.81 0.57 0.57 0.79 0.69
SeT 0.07 0.02 057 0.03 0.17

Table 4: Tracking results for meeting3 for our approac h.

C

Figure 6: Results, meeting3. Figures (a-c) corresp ond to
frames 50, 690, and 945, resp ectiv ely.

Auto-initialization . The performance of the algorithm
isillustrated in video meetingl _mcmd00_autoinit :avi . The
tracker is initialized at frame O with 1o = ;. The birth-lik ely
area for this example is the entire scene,roughly above the
chest of the seated participants. At frame 1, O1, O2, and
04 are automatically initialized, while O3 is initialized once
he moves his hand away from his face at frame 24. From
this frame on, the performance is equivalent to the one ob-
tained with manually initialized objects. A secondexample
is showvn in Fig. 7 and meeting2_mcmd00_autoinit :avi .
The tracker is initialized at frame 800 with g = ;. At
frame 801, the algorithm detects O1-O4 and initializes them
correctly. O5 is detected at frame 825. Overall, the algo-
rithm is adequate for our application, although as stated in
Section 7, it could be improved by the use of a specialized
face detector algorithm [16].

9. CONCLUSIONS
We preserted a probabilistic framework for the joint track-
ing of multiple peopleand their speaking activit y in a multi-

(o}

Figure 7: Handling varying number of ob jects, meeting2;
(a-c) corresp ond to frames 800, 801, and 825, resp.

sensor meeting environment. Our framework integrates a
novel AV obsenation model, a principled mechanism to rep-
resert simple, proximit y-based interactions (occlusion), and
an e cien t sampling strategy that overcomessome of the
problems faced by traditional PFs. We have showvn that our
framework can localize and track multiple people and their
speaking status with good accuracy, tolerating visual clut-
ter, and outperforming a traditional PF. Sewral issuesre-
main open for improvemert. First, more re ned interaction
models could be proposed, making use of the speaking sta-
tus variable in the MRF prior, and introducing an occlusion
variable in the state-space. Second,although our model can
re ect simultaneous speaking activit y from multiple people,
it is basedon alimiting single-audio-sourceassumption. We
are currently developing truly multi-sp eaker detection tech-
niques. Third, the auto-initialization mechanism could be
enhanced by using audio-based localization and/or face de-
tection, whoseintegration in the MCMC-PF is conceptually
direct. Finally, the evaluation of our approach on more dy-
namic data will also be part of future work.
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